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Abstract. A method of overcoming occlusion in vehicle tracking system is
presented here. Firstly, the features of moving vehicles are extracted by the
vehicle detection method which combines background subtraction and bidi-
rectional difference multiplication algorithm. Then, the affection of vehicle cast
shadow is reduced by the tail lights detection. Finally, a two-level framework is
proposed to handle the vehicle occlusion which are NP level (No or Partial
level) and SF level (Serious or Full level). On the NP level, the vehicles are
tracked by mean shift algorithm. On the SF level, occlusion masks are adap-
tively created, and the occluded vehicles are tracked in both the original images
and the occlusion masks by utilizing the occlusion reasoning model. The pro-
posed NP level and SF level are sequentially implemented in this system. The
experimental results show that this method can effectively deal with tracking
vehicles under ambient occlusion.

Keywords: Occlusion masks � Vehicle detection � Intelligent transportation
system (ITS) � Occlusion reasoning model

1 Introduction

The increasing number of vehicles makes the intelligent transportation system
(ITS) more and more significant. For the surveillance concern, various techniques have
been proposed to alleviate the pressure of transportation systems. The vision-based
system has absorbed many researchers owing to its lower price and much direct
observation information. ITS extracts useful and accurate traffic parameters for traffic
surveillance, such as vehicle flow, vehicle velocity, vehicle count, vehicle violations,
congestion level and lane changes, et al. Such dynamic transportation information can
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be disseminated by road users, which can reduce environmental pollution and traffic
congestion as a result, and enhance road safety [1]. Multiple-vehicle detection and
tracking is a challenging research topic for developing the traffic surveillance system
[2]. It has to cope with complicated but realistic conditions on the road, such as
uncontrolled illumination, cast a shadow and visual occlusion [3]. Visual occlusion is
the biggest obstacle among all the problems of outdoor tracking.

The current method for handling the vehicle occlusion can be divided into three
categories, feature-based tracking [4–8], 3D-model-based tracking [9] and reasoning-
based tracking [10]. Based on normalized area of intersection, Fang [5] proposed to
track the occluded vehicles by matching local corner features. Gao [11] uses a Mexican
hat wavelet to change the mean-shift tracking kernel and embedded a discrete Kalman
filter to achieve satisfactory tracking. In [9], a deformable 3D Model that could
accurately estimate the position of the occluded vehicle was described. However, this
method has a high computational complexity. Anton et al. [10] presented a principled
model for occlusion reasoning in complex scenarios with frequent inter-object occlu-
sions. The above approaches do not work well when the vehicle is seriously or fully
occluded by other vehicles.

In order to cope with the vehicle occlusion in the video sequence captured by a
stationary camera, we propose a two-level framework. The basic workflow of the
proposed method is illustrated in Fig. 1, in which two modules is consisted: (1) vehicle
detection unit; (2) vehicle tracking unit. In vehicle detection module, features are
extracted for fast vehicle localization by combining the improved frame difference
algorithm and background subtraction algorithm, and with the aid of the distance
between the pair of tail lights, the vehicle cast shadow is reduced. In vehicle tracking
module, the two-level framework is proposed to handle vehicle occlusion: (1) NP level
(No or Partial level), tracking vehicles by mean-shift algorithm; (2) SF level (Serious or
Full level), handling occlusions by occlusion reasoning model. Occlusion masks are
adaptively created, and the detected vehicles are tracked in both the created occlusion
masks and original images. For each detected vehicle, NP and SF levels are imple-
mented according to the degree of the occlusion (see Fig. 2). With this framework,
most partial occlusions are effectively managed on the NP level, whereas serious or full
occlusions are successfully handled on the SF level.

The rest of this paper is given as follow: in Sect. 2 the moving vehicle detection
method is presented. NP level occlusion handling is described in Sect. 3, and SF level
occlusion handling is introduced in Sect. 4. Section 5 shows the experimental results
and discussion. The conclusion is given in Sect. 6.

2 Moving Vehicle Detection

2.1 Moving Vehicle Detection

At present, frame difference [12] and background subtraction [13] are conventional
approaches for detecting moving vehicle in the vision-based system. Frame difference
can keep the contour of the moving vehicle very well. However, it is failed when the
speed of inter-frame is less than one pixel or more than the length of the moving
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vehicle. So, a bidirectional difference multiplication algorithm is used here which can
meet the needs of slow or fast speed. The proposed method can overcome the shortage
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of frame difference as the method adopts the discontinuous frame difference and
bidirectional frame difference. The bidirectional difference multiplication algorithm
detects targets based on relative motion and can detect multiple vehicles at the same
time. In order to overcome the disadvantage when the speed of inter-frame is more than
the length of the vehicle, here firstly, the bidirectional frame differences are calculated
among the current kth frame, the (k − 2)th frame and the (k + 2)th frame images;
furthermore, the difference results are multiplied in order to strengthen the motion
region. The frame difference image Dfd(x,y) is given by Eqs. (1) and (2):

Dkþ2;kðx; yÞ ¼ fkþ2 � fkj j
Dk;k�2ðx; yÞ ¼ fk � fk�2j j

(
ð1Þ

Dfdðx; yÞ ¼ Dkþ2;kðx; yÞ � Dk;k�2ðx; yÞ ð2Þ

In which Dk+2,k (x,y) is the difference between the (k + 2)th frame and the kth frame.
And Dk,k-2 (x,y) is the difference between the (k-2)th frame and the kth frame. The basic
diagram is shown in Fig. 3.

The primary idea of background subtraction is to subtract the current frame image
from the background model pixel by pixel first, and then to sort the obtained pixels as
foreground or background by a threshold d. Compared with complicated background
modeling techniques, the multi-frame average method has the high computation speed
and low memory requirement. Therefore, we utilize a multi-frame average method to
update the background model. This method is formulated as follows,

Dbd ¼ 1 foreground; if I�Bj j[ d
0 background; otherwise

n
ð3Þ

where I is the current frame image, B is the background image.
The background model needs to be updated momentarily due to the constant

changes of the real traffic environment. Here the multi-frame average method is used to
update the background model by Eq. (4).
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Fig. 3. Diagram of the bidirectional multiplication algorithm.
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Bkþ1 ¼ ð1� aÞBk þ aIk ð4Þ

Where a 0\ a\ 1ð Þ determines the speed of the background updating. Bk and Bk+1

mean the background model at the time k and k + 1 independently.
The more precise foreground image D is obtained by using Eq. (5), adding Dfd and

Dbd pixel by pixel, in which background subtraction can keep the integrity of the
moving vehicle and the bidirectional difference multiplication algorithm can obtain the
full contour of the moving vehicle information.

D ¼ Dfd[Dbd ð5Þ

2.2 Post-processing

The binarized foreground image D may have holes and some noise (see Fig. 4(b)),
which influence results of target tracking. A flood-fill operation is utilized on D to
eliminate the holes in the motional target (see Fig. 4(c)). Moreover, the morphological
closing and opening operators are utilized to fuse the narrow breaks and remove the
noise (see Fig. 4(d)).

2.3 Tail Lights Detection

In order to reduce the affection of vehicle cast shadow, the distance between the pair of
tail lights is utilized to determine the precise region of the moving vehicle, and the

(a) (b)

(c) (d)

Fig. 4. Moving vehicle detection. (a) Original image. (b) Detection result of Section 2.1. (c) The
result after the flood-fill operation. (d) The final binarized image by using morphological closing
and opening operators.
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method was first proposed by Qing et al. [14]. The tail lights are detected in the
obtained partial image. Then, the following constraint is used to determine the light
pairs.

hc1�hc2j j� d
wmin �wc1c2 �wmax

�
ð6Þ

Where c1 and c2 are the barycenter of the tail lights, hc1 and hc2 represent the height
of c1 and c2 respectively; d is the image resolution. wc1c2 is the width between the pair
of tail lights for a moving vehicle.

3 NP Level Occlusion Handling

In this paper, the mean-shift algorithm is utilized to track detected vehicles in a video
sequence. Usually, mean-shift algorithm adopts color histogram of the detected target
as feature [15]. In order to find more similar candidate area in the neighborhood of the
moving target, we define Bhattacharyya coefficient [16] as the similarity function in
this paper.

3.1 Target Model and Candidate Model

The first step is to initialize the position of the target region in the first frame. Target
model can be described as the probability density distribution of the color feature value
in the target region [17]. The probability distribution function (PDF) of the target model
qu and the candidate model pu are calculated as follow:

quðxÞ ¼ C
Xn
i¼1

k
xi � x0

h

��� ���2� �
d bðxiÞ � u½ � ð7Þ

Where x0 is the barycenter of the target region, kð xk k2Þ represents kernel function;
h indicates the bandwidth of the kernel function, and b is the color histogram index
function of pixels.

puðyÞ ¼ Ch

Xnh
i¼1

k
xi � y
h

��� ���2� �
d bðxiÞ � u½ � ð8Þ

where Ch is the normalization coefficient.

3.2 Bhattacharyya Coefficient and Target Position

Here Bhattacharyya coefficient is defined as the similar function, which can be
expressed as
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qðyÞ ¼ q pðyÞ; q½ � ¼
Xm
u¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
puðyÞqu

p
ð9Þ

The similarity function is Taylor expansion in the point of pu (y0), and the formula is
given as follows:

q pðyÞ; q½ � � 1
2

Xm
u¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
puðy0Þqu

p
þ Ch

2

Xn
i¼1

xik
y� xi
h

��� ���2� �
ð10Þ

where

xi ¼
Xm
u¼1

d bðxiÞ � u½ �
ffiffiffiffiffiffiffiffiffiffiffiffiffi
qu

puðy0Þ
r

ð11Þ

The best candidate model has the largest value of qðyÞ and can be searched by mean
shift iterations. First, the barycenter of the target region y0 in the current frame is set to as
the barycenter of the target region in the previous frame; that is y0 = x0. Then, searching
the optimal matching position y1 around the barycenter of y0 by the Bhattacharyya
coefficient and the updated barycenter of the target region y1 is calculated by (12).
At last, stopping the iterative convergence when y1 � y0k k\e, and the barycenter of the
target will be replaced by y1.

y1 ¼
Pn
i¼1

xiðxi � y0Þg y0�xi
h

�� ��2� �
Pn
i¼1

xig
y0�xi
h

�� ��2� � ð12Þ

So the moving target barycenter is adjusted gradually from the initial position to the
real position.

4 SF LEVEL OCCLUSION HANDLING

On the NP level, partial occlusion can be easily solved, whereas, for serious or full
occlusions, this level appears to be ineffective. An occlusion reasoning model which
combines with constructing occlusion masks to estimate the information of the
motional vehicle is proposed on the SF level.

On the SF level, occlusion reasoning model is used to track moving objects based
on barycenter and vector here. Vehicle tracking is described as follows. Let VCi

n be the
motion vector of the ith detected a vehicle in the nth frame. The barycenter position of

VCi
n is denoted as Ci

n;x;C
i
n;y

� �
. The average motion vector of VCi

n is denoted as
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Vi
n;x;V

i
n;y

� �
. Therefore, we can estimate the barycenter position of VCi

n as ~Ci
n;x;

~Ci
n;y

� �
in the (n + 1)th frame by Eq. (13):

~Ci
n;x ¼ Ci

n;x þ Vi
n;x

~Ci
n;y ¼ Ci

n;y þ Vi
n;y

(
ð13Þ

Here VCi
n and VC j

nþ1 are the same vehicle if VCi
n and VC j

nþ1 meet the constraining
conditions as follows:

Ai
n

		 � Ai
nþ1

		\ThresholdAffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
~Ci
n;x � C j

nþ1;x

� �2
þ ~Ci

n;y � C j
nþ1;y

� �2
r

\ThresholdC

8<: ð14Þ

where Ai
n and Ai

nþ1 are areas of detected vehicles in the ith and (i + 1)th frames.
Occlusion masks represent the estimated images that make up of the moving

vehicle regions occluded by other vehicles or no-vehicles. The detected vehicles are
tracked in both adaptively obtained occlusion masks and captured images.

The proposed occlusion reasoning model is described in Fig. 5. In the nth frame,

the motion vectors and the predicted motion vectors are VC1
n;VC

2
n;;VC

3
n; � � � ;VCi

n;

n o
and fVC1

n ;
fVC2

n;
fVC3

n; � � � ; fVCi
n

n o
individually. First, the predicted vehicle fVCi

n is

matched with all of the vehicles in the frame (n + 1)th with the Eq. (14). If fVCi
n

matches none of the vehicles in the frame (n + 1)th, it will be checked in a preset
exiting region which is decided by the barycenter position of VCi

n; vehicle area A
i
n and

mean of motion vector. If the unmatched vehicle in the exiting region, it means that the
vehicle VCi

n; has moved out of the scene in the frame (n + 1)th. If not, it is assumed that
the vehicle VCi

n; moves into the occlusion in the frame (n + 1)th. Therefore, the

occlusion mask is created and added the unmatched fVCi
n. Occlusion mask is created for

each occluded vehicle; that is to say, there is only one vehicle in each occlusion mask.
Then, the position of vehicle fVCi

n in occlusion mask is updated according to the motion
vector frame by frame. Moreover, the vehicles in the occlusion mask are matched with
all of the vehicles in the next frame. If the vehicle in the occlusion mask matches with a
vehicle in the next frame, it is assumed that the vehicle in the occlusion mask has
moved out of the occlusion mask. At last, the matched vehicle in the occlusion mask is
deleted with the occlusion mask.
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5 Simulation Results

The proposed method is evaluated on traffic sequences. The vehicle is partially
occluded, seriously occluded or fully occluded, and finally, the vehicle appears in the
scene again when a vehicle is overtaken by another vehicle. The image sequences used
in experiments are captured by a stationary camera and live traffic cameras, which are
available on a Web page at http://vedio.dot.ca.gov/.

Experimental results are shown in Fig. 6. The results show that the proposed
method has better performance compared to other vehicle detection algorithms,
background subtraction [18], adaptive background subtraction [19], the frame differ-
ence [20] and Bidirectional multiplication method [21].

In Fig. 7, the vehicles are accurately tracked under the condition of without
occlusion. A typical occlusion is used to demonstrate the efficient of the proposed
framework. In Fig. 8, a vehicle is overtaken by another vehicle and is occluded. In
Fig. 9, the vehicles are tracked by the mean-shift algorithm, which is not efficient when
the vehicle is seriously occluded.

The proposed framework is quantitatively evaluated on real-world monocular traffic
sequences. The traffic sequences including un-occluded and occluded vehicles are used
in our experiments, and the results are shown in Table 1. For partial occlusion, the
handling rate of the proposed framework is 85.3 %. The inefficient conditions mainly
occur in the same color vehicles. For the full occlusion, the handling rate is 84.6 %, and
tracking errors mainly appear in the situation of seriously or fully occlusion for a long
time. The average processing times of the methods proposed by Faro [22], Zhang [23],

Sign and predict 
the vehicle

Match vehicle with
the (n+1)th frame

Create occlusion mask

Delete occlusion mask

Y

Y

N

Start

N

End

Match vehicle with 
occlusion masks

Fig. 5. The workflow of the occlusion reasoning model.
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Qing [14] and our method are shown Table 2. The image sequences are captured by
live traffic cameras, which are available on a Web page at http://vedio.dot.ca.gov/.
From the experiments, we can see the proposed method has a good balance between
vehicle counting and times.

The mean processing time of the proposed method for a 3-min-long video is
236.3 s, whereas Faro’s method and Zhang’s method reach average processing time of
about 247 s and 280.3 s. Qing’s method reaches an average processing time of about
223.7 s; however, it cannot handle the serious occlusion and full occlusion.

In Fig. 10, the dashed line is the un-occluded vehicle, whereas the solid line shows
the vehicle 2 which was occluded by vehicle 1, and the Asterisk line is the estimated
position by the proposed method. The vehicle 2 was occluded at the19th frame and
reappeared at the 30th frame. In Fig. 8, the position of vehicle 2 is estimated by the
occlusion reasoning model in 1340th to 1360th frame. The proposed method is proved
to be accurate by the Fig. 9.

(a) (b)

(c) (d)

(e) (f)

Fig. 6. Moving region detection (a) Original image. (b)Moving region detected by background
subtraction. (c) Moving region detected by adaptive background subtraction (d) Moving region
detected by frame difference. (e) Moving region detected by Bidirectional multiplication method.
(f) Moving region detected by the proposed method.
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(a) (b)

(c) (d)

(e) (f)

Fig. 7. Vehicles tracking by the proposed method without occlusion.

Table 1. Quantitative evaluation of the proposed framework

Occlusion NP level SF level Total Rate

Partial 184 148 9 157 85.3%
Full 39 0 33 33 84.6%
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(a) (b)

(c) (d)

(e) (f)

Fig. 8. The proposed method handling of the vehicle occlusion.

Table 2. Comparison the average processing times for 3-min-long videos

Algorithm Average processing times (s)

Our method 236.3
Faro’s method 247
Zhang’s method 280.3
Qing’s method 223.7
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(a) (b)

(c) (d)

(e) (f)

Fig. 9. Mean-shift algorithm handling of the vehicle occlusion

Fig. 10. Real position and estimated position during a tracking.

148 C. Xue et al.



6 Conclusions

This paper presents a novel two-level framework to handle vehicles occlusion, which
consists of NP level and SF level. On the NP level, color information is selected as the
observation model, un-occluded vehicles are tracked by mean shift algorithm in par-
allel; partial occluded vehicles is separated into different color tracking. If vehicles have
the same color, NP is failed to handle the occlusion and then resorts to the SF level. On
the SF level, occlusion masks are created, and the occluded vehicles are tracked by the
occlusion reasoning model.

The quantitative evaluation shows that 85.3 % of partial occlusions can be correctly
tracked. Serious and full occlusions can be handled efficiently on the SF level. How-
ever, the proposed framework failed to handle the same color vehicle occlusion due to
only color information as the observation model in the mean-shift algorithm. The future
work is to use further features to handle the occlusion tracking when the same color
vehicles occluded.
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